Jointly utilizing global and local features to improve model accuracy is becoming a popular approach for the person re-identification (ReID) problem, because previous works using global features alone have very limited capacity at extracting discriminative local patterns in the obtained feature representation. Existing works that attempt to collect local patterns either explicitly slice the global feature into several local pieces in a handcrafted way, or apply the attention mechanism to implicitly infer the importance of different local regions. In this paper, we show that by explicitly learning the importance of small local parts and part combinations, we can further improve the final feature representation for Re-ID. Specifically, we first separate the global feature into multiple local slices at different scale with a proposed multi-branch structure. Then we introduce the Collaborative Attention Network (CAN) to automatically learn the combination of features from adjacent slices. In this way, the combination keeps the intrinsic relation between adjacent features across local regions and scales, without losing information by partitioning the global features. Experiment results on several widely-used public datasets including Market-1501 [31], DukeMTMCReID [12] and CUHK03 [21] prove that the proposed method outperforms many existing state-of-the-art methods.
Introduction
The person re-identification (Re-ID) problem is one of the most significant yet challenging tasks in the computer vision area. The input data for person Re-ID system are mostly the full body bounding boxes of pedestrian detected from multiple surveillance cameras. The person Re-ID task then helps to retrieve a certain person among all the bounding box images by figuring out under which cameras the person appears and re-appears. Comparing with a typical face recognition system where facial images are usu- Figure 1 . These four pairs of bounding box images are from Market-1501 dataset [31] , and each pair shows slight difference between two persons. Global feature models are not sufficient to identify one person from another.
ally obtained from a constrained environment, person Re-ID is more applicable in real-world scenario where factors such as occlusion, posture change and illumination variation among different cameras further complicate this problem.
In recent years, deep neural networks have been proven effective at extracting discriminative features for the images classification problem [2, 5, 7] , and are therefore widely used as the base model of person Re-ID approaches. For instance, previous works [3, 11] proposed standard baselines in which ResNet [5] was used to extract the appearance feature of the full body image. Since such network model obtains only a global representation, model performance is limited at distinguishing bounding box images with minor difference. The baseline methods based on [5] only obtains a global feature such as the overall color of clothing which is insufficient for person Re-ID. Some examples are shown in Figure 1 . Global features for persons with similar clothing are close to each other in feature space, which makes it hard for baseline models to distinguish different person IDs from each other for each pair. We typically identify persons not only by general clothing colors but also by local details which cannot be obtained by global feature representations. To improve the performance of such base model that extract only the global feature, local features are also attempted by attaching to the original global features for more discriminative representation capacity. For example, [13] addressed the issue by collecting representative patches from the image, and the trained model show good balance between discriminative power and generalization ability. For a more explicit part-based feature representation for Re-ID, [26, 29] utilized firstly a part detector to locate body parts and then extracted features from different local parts. Although experimental results validate that combining global and local features can improve the model accuracy, the definition of what parts to locate is rather arbitrary and may change dataset by dataset and/or object class by class.
To achieve a more data-driven way, researchers have also investigated the attention mechanism to implicitly infer the importance of different local regions. For example, in [1] the author proposed the High-Order Attention module that contains high-order statistics of convolutional activations. At the same time, since the part-based methods can also be viewed as learning the attention among parts, end-to-end method based on learning the importance of parts or part combinations have also been reported. To give an example, [19] proposed a part-based Re-ID models where mid-level features were divided into slices with fixed spatial location and size. Local features from these slices were then arbitrarily fused to derive the final representation. The method can be viewed as a hard combination mechanism with identical attention for each part, and leads to state-of-the-art performance. On the other hand, since the global level information will be lost when global feature is separated into too many slices, defining the proper parts or part combinations becomes challenging and may easily overfit. Our experiments on number of parts hyperparameter show that model accuracy will descend when increasing the granularity of slicing feature maps.
In this paper, we propose the Collaborative Attention Network to further improve over existing part-based Re-ID feature models. The idea is to automatically learn the combination of features from adjacent slices to keep the intrinsic relation between adjacent features across local regions and scales, without losing information by partitioning the global features, while generating more discriminative features based on local patterns. The contributions of this paper are two-fold:
(i) Local features can refer the relative information from adjacent local features by introducing the Collaborative Attention Network, which makes the part-based more effective.
(ii) We replace the FC Layer with Cosine Layer and then use the Cosine Distance to measure feature distance and similarity, which makes our model more accurate on benchmarks.
Related Works
With the massive development of deep learning and neural networks, person Re-ID methods have made great progress from traditional hand-craft feature extraction to deep-learned neural network models. Release of public person Re-ID dataset [31, 12, 21, 22] , researchers can train Re-ID models over a large scale of image data. Specificly for person Re-ID topic, some metric learning methods were proposed, which can properly discipline the training process. Partial features are proven to be useful because of the particularity of person retrieval problem, since persons are distinguished between each other by local details.
Part-based Methods for Person Re-ID
The major contribution of this paper is a more effective part-based model. We compare our proposed model with existing part-based methods which are useful when learning feature representation for person Re-ID. Some methods used body segmentation network or landmark detectors [15, 26, 8] as prerequisite of part-based model and achieved great progress. However, since datasets for training such detectors are different with person retrieval datasets, these methods do not perform perfectly. In [19] , the author proposed the Part-Based Convolutional Baseline (PCB) in which a uniform partition on global features was used. Then these local features were used for classification and this method was verified to be effective yet not to be improved. Along with PCB model in this paper, the author introduced a refined part pooling (RPP) method. RPP method is the attention mechanism that can re-assign parts by image blocks instead of uniformly slicing the images. Inspired by this part-based method, recent work [20] put forward the novel Multiple Granularity Network (MGN) which is the state-of-the-art method on person Re-ID benchmarks. MGN is based on a multi-branch structure where global features and local features are combined together as the final feature representation. In branches of local features, images are separated into 2 and 3 stripes from original feature maps. By diversity of granularity, different branches are varied in feature extraction preference. Combining global features with multi-granularity local features, the feature extractor is more comprehensive. Our method in this paper is inspired by the multi-branch structure but with finer feature partition and with a more effective collaborative attention method.
Metric Learning
When doing person retrieval, we need to identify or classify certain persons among all detected pedestrians. In public datasets, each person is assigned with a unique person ID which makes person re-identification is essentially similar to classification problem. ID loss such as Cross Entropy is necessary for classification model training. However, in order to achieve discriminative features, metric learning with multiple loss functions becomes a widely-used strategy. Besides ID loss, loss functions to measure the feature similarities are introduced during training process. Triplet Loss [6] is firstly used for person Re-ID by setting the training batches with several person IDs. Identical and different IDs are respectively viewed as positive and negative samples in Triplet Loss. To step further, SphereReID [25] was proposed in which the feature vectors were mapped into hypersphere manifold and distances on the new feature space were calculated to measure feature similarity instead of using the Euclidean Distance. With these loss function, metric learning can properly guide the training process and the learned features are more discriminative. Figure 2 shows the network architecture of our Collaborative Attention Network (CAN). CAN is a multi-branch network in which local branches and global branches separately generate features vectors and we concatenate all these features to give out the final feature vector. Collaborative Attention module and the design of multi-loss function are two significant factors in our proposed method.
Method

Overview
Network Structure
ResNet50 is utilized as base model in our network. Instead of using the entire feature extractor, we only use Layer0 to Layer3 in base model. In order to keep more details in feature maps, we refine Layer4 of ResNet50 which outputs 2048 × 24 × 8 features maps, where 2048 is the feature dimension and 24 × 8 is the feature size. After the refined Layer4, the model is separated into four branches with the feature size for each branch. In different local feature branches, we slice feature maps uniformly into different number of parts. Therefore, we employ Adaptive Pooling for each branch. The advantage of Adaptive Pooling is that it can adaptively adjust the pooling kernel by the given input and output size. For the normal pooling, given the kernel size, padding, stride and the size of input tensors input size, then the output size can be formulated as:
From Equation 2, we can infer the kernel size given the other parameters:
kernel size = (input size + 2 * padding)
As a result, the padding, stride and kernel size for Adaptive Pooling can be defined as:
In order to enrich the information from feature maps, we expand feature dimensions by concatenating max and average pooling output. After the Adaptive Pooling Layer in the network structure, the feature dimension for each branch is shown in Table 1 Branch After achieving a hierarchical structure by specifying various output sizes for Adaptive Pooling, the feature maps are fed into the Collaborative Attention Layer. The Collaborative Attention module is shown in Figure 3 . This module is applied in each local feature branch and the experimental results show that this module can give out a better performance comparing with existing part-based methods. We argue that for different scales of local features, the global features learning by the neural network could be varied.
For each local feature branch, before we partition the feature map into stripes, an auxiliary global feature branch is pulled out by apply Adaptive Pooling. Unlike other existing part-based method, we collaboratively combine two adjacent local features {P i k, P i (k + 1)} from part i branch, in which k ∈ {0, 1, ..., (i − 2)}. Each collaborative feature is 4096-dimensional with size 2 * 1 and feature set after the max pooling is F a = {f a i 0, f a i 1, ..., f a i (n − 1)} where n = i − 1 for part i branch. Since each feature in this feature set is 4096-dimensional, it will be excessively redundant when the local features are concatenated to form the final feature. To fix this problem, a 1*1 convolutional layer is employed. On one hand, 1*1 convolution can be used to reduce feature dimensions. However, in our consideration, the weights in convolutional layer can act as channel attention values while the collaborative concatenation is a hard spatial attention method. The channel attention weights set is W T = {w 
For each local branch, the feature vector is f i k where k ∈ {0, 1, ..., (n − 1)} and it can be formulated as:
After processed by our proposed Collaborative Attention Network, we obtain four 256-dimensional global feature maps and twelve 256-dimensional local features maps.
Loss Function and Metric Learning
The design of loss function is crucial when training the models. Typical strategy of loss function for person ReID task is to combine ID loss and Triplet Loss. ID loss can supervise the model to perform when doing for person classification and Triplet Loss make the model discriminate inapparent feature difference. Along with ID loss and Triplet Loss, center loss [11, 24] is also applied in our loss function. The overall loss function can be formulated as:
In this multi-loss function, CrossEntropy is commonly employed in classification problem as the ID loss. After the FC Layer and Softmax Layer, the output vector is probabilities for different classes which can be expressed as q and the ground truth for this feature is p which is a one-hot vector. Then the CrossEntropy can be formulated as:
where k is the class number. Minimizing the CrossEntropy can make the predicted probabilities close to the ground truth.
In our training strategy, for a single mini-batch, there are different IDs with several bounding box images for each ID. So Triplet Loss and center loss are designed to guide the training process with feature distance. For Triplet Loss L T rip in this equation, we use hard Triplet Loss:
where
are the anchor feature, positive feature and negative feature, respectively. In order to improve performance after introducing Triplet Loss, we use the batch hard positive and negative features, which means:
Center loss L C is designed to make samples with identical ID close to clustering center of this ID, which is formulated as:
where c y i denotes the feature center for the class of y i . Shown in the Figure 2 , features from different branches are fed into different losses. Since Triplet Loss and center loss both are able to improve the clustering attribute of the output features, we name these losses as clustering loss. The global features and concatenated local features from all branches are guided by clustering loss. At the same time, each local feature and global feature are separately passed into ID loss.
After feature extraction and before the FC layer, a feature normalization layer is used to constrain the features located at a hyper-sphere in feature space. During evaluation stage, instead of using Euclidean distance, we utilize the Cosine distance to measure the feature similarity and the experimental results prove that Cosine distance is more effective when describe the difference between features vectors. The Cosine distance can be denoted as:
where x and y are two feature vectors between which the similarity need to be measured.
Experiments
In this section, we report the experimental results on our proposed Collaborative Attention Network. All the experiments are mainly conducted on the dataset of Market-1501 [31] which is the most widely-used image-based person ReID dataset. Besides Market-1501, in order to verify the robustness of our model, some other mainstream public ReID datasets are used which are DukeMTMCReID [12] and CUHK03 [21] . We firstly introduce these public datasets and the benchmarks to measure the model accuracy.
Datasets and Benchmarks
Market-1501 This dataset was built in the summer of 2015 and released by Zheng et al. and it is the most popular and high-quality image-based person ReID dataset. This dataset was captured by six cameras (five high-resolution cameras and one low-resolution camera) on campus of Tsinghua University. The dataset was separated into training set and testing set which is furtherly split into gallery and query for testing set. There are 1,501 person IDs and 12,936 bounding box images in total, in which one certain person was captured by at least two cameras. Bounding boxes in the query set are manually labeled while in the gallery set were labeled by DPM detector.
DukeMTMC-ReID This is a subset of DukeMTMC dataset and specificly for the person ReID task. There are 16,522 training images from 702 person IDs, 2,228 query images from another 702 person IDs and 17,661 gallery images from the same person IDs as query set. Images are sampled from video tracks by every 120 frames and all the videos are captured by eight high-resolution cameras on Duke campus. To maintain the high quality of bounding boxes, this dataset was labeled by hand instead of using pedestrian detectors.
CUHK03 This dataset is stored as MAT format file. There are 1,467 different person IDs in this dataset collected by 5 pairs of cameras. The total 13,164 images are varied in image sie and are separated into three groups: manuallylabeled images for training, DPM-detected images for training and testing set. Along with the dataset, the paper mentioned two types of testing protocols. In order to keep the consistency of conclusions on different datasets, we chose the testing method where testing set is splited into query and gallery.
Benchmarks The Cumulative Matching Characteristics (CMC) and mean average precision (mAP) are two commonly-used measurements of ReID model accuracy. For single-gallery-shot condition, we use the CMC top-k accuracy. In this algorithm, the feature distances between gallery samples and one certain query sample are sorted from small to large. The top-k accuracy equals to 1 if topk ranked gallery samples contain query identity and equals to 0 otherwise. For multi-gallery-shot condition, such topk accuracy cannot properly describe the model accuracy. Then mean average precision (mAP) is used to compute the mean of the precision for every query sample and it is suitable to measure the multi-gallery-shot circumstance. Generally, we use CMC top-1, top-3, top-5, top-10 and mAP as the benchmarks to measure performance of different methods.
Comparison of the Number of Sliced Parts
For our part-based method, we uniformly partition the feature maps into different number of slices. We argue that such slicing operation can theoritically help with obtaining local features much more detailed and discriminative which are beneficial for person ReID tasks. If too many parts are obtained from global feature maps, however in contrast, such over-detailed local featuers cannot retain representative attributes, which would conversely deteriorate the model performance. The following experiments are comparing the model performance when changing the number of how many parts local features are sliced into and the results are shown in Table 2. patterns of how to partition mAP rank-1 rank-3 rank-5 From Table 2 , it can be seen that part-1, 2, 3 which means the global features are evenly divided into 2 and 3 parts can achieve the highest accuracy with mAP equals to 86.6% and rank-1 equals to 94.4%. For the experiment of partial features the accuracy is that mAP equals to 86.6% and rank-1 equals to 94.4% which is no higher than part-1, 2, 3. Since the part-4 partial features are included in part-2 partial features, it cannot bring in improvement if features are separated into multiple even numbers of parts. So in the following experiments in this Table, we divide feature maps into 3, 5, 7 and 9 parts and add branches of different partition levels step by step. It is clear that when gradually adding feature branches, the accuracy of models is descending and for part-1, 3, 5, 7, 9 the accuracy is 83.9% for mAP and 93.9% for rank-1. We can conclude from the experimental results that simply increasing partial granularities cannot contribute to the improvement of models. In the next section, the effectiveness of our proposed method is proven by experimental results.
Effectiveness of Collaborative Attention
The Collaborative Attention (CA) mechanism is the key part in our proposed method. Improved from part-based methods, we concatenate neighbouring local features as collaborative local features in our network. We argue that our method can take advantage of subtle detail features and we could obtain more discriminative feature representations by combining partial features together. The results of methods with our proposed Collaborative Attention mechanism are shown in Table 3 Method mAP rank-1 rank-3 rank-5 rank-10 Table 3 . Comparative experiments of part-based methods without/with Collaborative Attention mechanism.
Comparing Table 2 and Table 3 , the difference between conducted experiments is that Collaborative Attention mechanism is adopted after features are partitioned. From each partitioning pattern experimental results, we conclude that our proposed CA mechanism can bring in improvement. In all combinations of how to separate features, part-1, 3, 5, 7 achieves the best performance in which the CA mechanism raises model accuracy from mAP 85.4% and rank-1 94.3% to mAP 87.9% and rank-1 95.2%. In Table 2, part-based methods with higher level of partitioning show no advantage. After introducing the CA mechanism, more detailed partial features can have positive effects on producing more discriminate feature representations. Since we concatenate two adjacent image stripes in our CA mechanism, the partial feature will still lose conspicuousness if the global features are split into too many parts. As a result, the performance of part-1, 3, 5, 7, 9 is no better than part-1, 3, 5, 7.
Combination of Loss Functions
Multi-loss functions are used in our proposed method, in which we combine ID loss with Triplet Loss and Center Loss. ID Loss is to improve the classificaiton abilities for the model while Triplet Loss and Center Loss can make output features more discriminative. In the experiments, we compare the results when we progressively introduce CrossEntropy L CE , triplet Loss L trip and Center Loss λL C . We also argue that it would be useful if the outputs from both global and local branches are guided by Triplet Loss and Center Loss, unlike the loss function strategy in MGN [20] in which only global features play a part in Triplet Loss. The results for loss-function-related experiments are shown in Table 4 Loss Combination mAP rank-1 rank-3 rank-5 If only ID Loss (CrossEntropy) is employed as loss function, our proposed Collaborative Attention Network (CAN) can achieve the performance mAP/rank-1=87.0%/95.0%. Triplet Loss and Center Loss can enhance features clustering attributes and we name these two loss functions as clustering loss. We firstly take global features into calculation of clustering loss as what the existing methods do. After combining Triplet Loss with ID Loss (CrossEntropy), CAN achieves mAP/rank-1=87.9%/95.2% and when Center Loss is adopted, the accuracy is improved to mAP/rank-1=88.3%/95.4%. Then we furtherly use features from local branches as input of clustering loss to guide the training process, the model achieves the best performance with mAP 89.6% and rank-1 95.7%. So supervising each local feature by loss functions during training process can enhance the feature performance when testing.
Implement Details
In this section, we introduce the details of how we set up the training strategy for the Collaborative Attention Network. Since we apply Triplet Loss and Center Loss in our loss function, we set the mini-batch to 32 From Table 5 , if we use the final FC Layer without normalization, the model accuracy is mAP/rank-1=89.6%/95.7% and 89.7%/95.8% respectively for using euclidean distance and cosine distance as feature distance. In the situation, different measurements do not bring in remarkable changes on model accuracy. After normalizing features and weights in FC Layer, if euclidean distance is used during testing, the performance is mAP 90.1% and rank-1 95.8%. Then cosine distance is used as measurement of the model with normalization, the accuracy is mAP 90.6% and rank-1 96.4% which is the best performance among all our experiments.
Comparison with the State-of-the-art Methods
In this section, we compare the results on our proposed method with existing state-of-the-art image-based person ReID methods on the dataset of Market-1501. In order to show the generality and robustness of our model, we conduct experiments on datasets of DukeMTMC-ReID and CUHK03 as extended datasets. In some works, re-ranking method were used to improve mAP and rank-1 accuracy. However, we argue that the actual performance of models cannot be revealed after re-ranking So our experimental results are based on model accuracy without re-ranking. Table 6 shows the comparison with existing image-based person ReID on Market-1501 and Table 7 shows the comparison results on DukeMTMC-ReID and CUHK03 datasets.
In Table 6 , the existing state-of-the-art method is a pyramidal approach proposed in [30] whose accuracy is mAP/rank-1=88.2%/95.7%, but our proposed method achieves mAP/rank-1=90.6%/96.4% which exceeding the previous best performance by 2.4% in mAP and 0.7% in rank-1.
In Table 7 , the pyramidal method still achieved the best performance among all previous approaches with mAP 82.3% and rank-1 91.6% on DukeMTMC-ReID. In CUHK03 datasets, bouding box images are both artificially labeled and detected by detectors. Some of the previous works were tested on labeled and detected images respectively and we select the better performance in this table. In our experimental settings for CUHK03, all testing images are used without splitting into labeled and detected groups. As what is shown in this table, our method achieves mAP 82.8% and rank-1 86.1% in model accuracy, which also outperforms all published methods by a large margin. Our proposed Collaborative Attention Network achieves state-ofthe-art performance which indicates the robustness of our method.
Method mAP rank-1 rank-5 rank-10 Table 6 . Comparing with current state-of-the-art methods on Market-1501.
Conclusion
In this paper, we novelly propose the multi-branch Collaborative Attention Network (CAN), a feature extractor for person ReID task. We find out the best combination of numbers of parts sliced from global feature maps and conclude that partition global features into too many will conversely reduce the model accuracy. Unlike other existing part-based methods, we concatenate local features by collaborative attention mechanism to form more effective feature representations. Our modification on loss functions in which both global and local branches are imported into Triplet Loss and Center Loss. that our proposed approach outperforms the existing stateof-the-art methods on the public datasets.
